Cigarette smoking is an established environmental risk factor for Multiple Sclerosis (MS), a chronic inflammatory and neurodegenerative disease, although a mechanistic basis remains largely unknown. We aimed at investigating how smoking affects blood DNA methylation in MS patients, by assaying genome-wide DNA methylation and comparing smokers, former smokers and never smokers in two Swedish cohorts, differing for known MS risk factors. Smoking affects DNA methylation genome-wide significantly, an exposure-response relationship exists and the time since smoking cessation affects methylation levels. The results also show that the changes were larger in the cohort bearing the major genetic risk factors for MS (female sex and HLA risk haplotypes). Furthermore, CpG sites mapping to genes with known genetic or functional role in the disease are differentially methylated by smoking.
Results
The effect of smoking on blood DNA methylation in MS patients. We evaluated the effect of cigarette smoking on DNA methylation using two independent cohorts obtained from a larger EIMS (Epidemiological Investigation of Multiple Sclerosis) project, a population-based case-control study of MS in Sweden. The "Selected cohort" (S, 50 MS patients, Supplementary Table 1 ) included only Swedish female subjects selected for being carriers of the HLA-DRB1*15:01 allele (DR15+/+ or DR15+/−) and non-carriers of the HLA-A*02 allele (A2−/−). HLA-DRB1*15:01 and HLA-A*02 are the major risk and protective variants for MS, respectively, and both significantly interact with smoking 10 . On the contrary, the "Broad cohort" (B) included Swedish subjects without any further selection criteria, which allowed us to include also healthy controls in the experimental design. This cohort was not restricted to any sex or genetic risk carriers and included 132 MS patients and 135 controls (Supplementary Table 1 ). CpG methylation from whole blood was profiled genomewide using the Illumina HumanMethylation450k BeadChips and, in light of the above differences, the cohorts were first analyzed separately to identify Differentially Methylated Positions (DMPs) with a linear model that corrected for potential confounding factors. Next, we performed a meta-analysis to further identify robust DMPs associated with smoking in MS. The grouping into smoking categories was guided by previous epidemiological observations regarding the influence of smoking on the risk of MS. Since it has previously been shown that the increased risk for MS associated with smoking remained up to 5 years after smoking cessation 7 , the samples were classified either as W5Y (Within 5 Years), B5Y (5 Years and Beyond) or NS (never-smokers), by considering the time of sampling relative to the last smoking event, i.e. <5 years or ≥5 years for W5Y and B5Y, respectively.
With MS cases, five and nine positions exceeded the Bonferroni genome-wide significance threshold (1.14 × 10 −07 ) in the S and B cohort, respectively, when comparing W5Y vs. NS ( Supplementary Table 2 ). However, after meta-analysis, 28, 7 and 0 positions reached the genome-wide significance threshold for W5Y vs. NS, W5Y vs. B5Y and B5Y vs. NS, respectively ( Fig. 1a ). Selected CpGs were technically validated using bisulfite pyrosequencing ( Supplementary Figure 1) . The analysis of P-P plots (Fig. 1b) showed that the effect appeared stronger when comparing W5Y vs. NS, while only a minor effect remained when comparing W5Y vs. B5Y, and no significant effect was detected for the contrast B5Y vs. NS. Most importantly, no evidence of systematic bias in our analytical approach was observed.
In addition to the models presented above, which accounted for unknown variation using Surrogate Variables (SVs), we also performed explicit cell-type-adjustment, by estimating the blood cell type proportions using a reference-based method 18 . We detected no major significant differences in the estimated relative fractions between the different smoking categories (Supplementary Figure 2) . Moreover, the −log 10 (P val ) for the SV-and cell-type-adjusted models were correlated and the top cohort-specific DMPs were preserved after cell-type adjustment. We therefore selected the SV-adjusted primary models for meta-analysis and concluded that the effect of smoking on DNA methylation did not appear to be confounded by difference in cell type compositions between smokers and non-smokers. Similarly, the explicit correction for the risk haplotype as binary covariate in the B cohort (DR15+ and A2−/−) did not substantially alter the association results in this cohort ( Supplementary  Figure 3) .
To further exclude sources of heterogeneity between the cohorts, which would compromise the legitimacy of our meta-analysis, we considered the overlap of the ranked DMP lists of the cohort-specific analyses (correspondence at the top 19 ), hypothesizing that DMPs with a similar effect in the two cohorts should be top-ranked in both the corresponding primary analyses and therefore suitable for meta-analysis. Indeed, we verified the overlap between the two analyzed cohorts, which was substantial for the top-ranked DMPs for W5Y vs. NS, partial for W5Y vs. B5Y and not different from random for B5Y vs. NS ( Supplementary Figure 4) . This indicates that a number of DMPs are similarly modulated by the smoking behavior in the two cohorts, with an effect size that is attenuated with the increasing time since smoking cessation.
Nevertheless, with a relatively small sample size and under the hypothesis of spatially correlated CpG sites, the Bonferroni adjustment appears exceedingly conservative. Hence, we examined the validity of our results by comparing our ranked lists with CpG sets obtained from the literature and for which the effect of smoking has been extensively validated. We retrieved the set of 62 CpG sites from Gao et al. 11 , which included only known associations reported by at least three studies, and performed enrichment analysis on the probes from this study ranked by decreasing significance (Fig. 2 ). We observed a sizeable enrichment of the known loci at the top of the list for the contrast W5Y vs. NS (Enrichment Score = 0.98, P < 10 −4 ), confirming that despite the small sample size, our results are appropriate to detect the effect of smoking on DNA methylation. Therefore, we obtained a final list of 58 DMPs (Table 1) , considering only the positions having: (i) an FDR < 0.05 in the main comparison W5Y vs. NS and (ii) a corresponding change in the beta value scale (Δβ) larger than the 98th percentile of all the Δβ values. The majority of the 58 selected DMPs (84%) were found hypomethylated after smoking, with a maximum absolute average Δβ of 22% and 12% in the S and B cohort, respectively. Besides the manufacturer's annotation, we also provide an additional mapping to larger gene regulatory domains, centered on the transcriptional start site (TSS) of the surrounding genes (see Methods). Among the identified DMPs, the largest fraction corresponded to known sites affected by smoking 12 , which were replicated in our study ( Table 1 and Fig. 3 ). These (a) A circular Manhattan plot is shown for the −log 10 P-values obtained from the meta-analysis of the S and B cohorts, for the comparisons W5Y vs. NS, W5Y vs. B5Y and B5Y vs. NS (outmost to innermost circle). A dashed line indicates the genome-wide significant level (Bonferroni, 1.14 × 10 −07 ) and a red dot marks the 58 DMPs selected as indicated in the main text. (b) P-P plot of the expected vs. observed −log 10 P-values for the comparisons W5Y vs. NS, W5Y vs. B5Y and B5Y vs. NS respectively. The 0.95 confidence interval is indicated by a grey shaded area and is calculated under the assumption of the P-values being drawn independently from a uniform [0, 1] distribution.
include, for example, probes mapping to the AHRR-EXOC3 (10 DMPs), ALPPL2-ALPI (5 DMPs), IER3-DDR1 (4 DMPs), CNTNAP2 (3 DMPs), CDKN1A (2 DMPs), F2RL3 (1 DMP) and RPAP2-GLMN-GFI1 (1 DMP) loci. As previous studies were mainly restricted to active smokers, we verified that the changes in methylation are consistent with a genuine effect of smoking, when strictly selecting only the active smokers in the W5Y group (Supplementary Figure 5) . Interestingly, the absolute average Δβ for the 58 DMPs was often larger in the S cohort compared to the B cohort (mean |Δβ| ± SEM, 0.061 ± 0.005 and 0.034 ± 0.004, respectively), possibly reflecting the different biological characteristics of the two cohorts, such as sex, HLA genotype or smoking load (estimated by the Pack-Year variable, PY). Indeed, for the W5Y class, the mean PY ± SEM was 14.66 ± 0.45 and 12.01 ± 0.30, for the S and B cohort, respectively.
We next sought to investigate the physio-pathological relevance of the identified DMPs by performing functional annotation and ontology enrichment analysis. To this end, we defined an association rule between CpG positions and genes that considered gene regulatory domains (see Methods). Results are presented in Fig. 4 . We observed relevant enrichment of terms related to metabolism of xenobiotics, including reactive oxygen species metabolism, de-phosphorylation and tumorigenesis ( Fig. 4a ). These terms likely reflect the detoxifying pathways activated by the chemicals contained in cigarette smoke, which are well known xenobiotics with carcinogenic activity. Interestingly, annotation with human disease ontology revealed enrichment for autoimmune diseases among the top categories, as several of the associated genes are linked to autoimmunity ( Fig. 4a ).
In addition to the above annotation, we performed further functional annotation of the smoking-associated (W5Y vs. NS) DMPs with respect to localization to CpG islands or regulatory regions reported from the ENCODE and NIH Roadmap Epigenomics projects, which include promoter marks, enhancer marks and DNase I Hypersensitivity sites (DHSs) from several cell types. The results revealed preferential localization outside CpG islands ( Fig. 4b ) and significant enrichment in regulatory regions of CD34+ hematopoietic stem cells, namely enhancers and promoters, identified by H3K4me1 or H3K4me3 histone marks respectively ( Fig. 4c ). Consistent with this observation, there was also a preferential enrichment in regions of accessible chromatin of CD34+ cells, as defined by DHSs ( Supplementary Figure 6 ).
Smoking induces DNA methylation and gene expression changes of the AHRR gene.
We next aimed to examine the dynamics of smoking-induced alteration on DNA methylation levels and asked whether there is an effect of the time since smoking cessation on DNA methylation of the identified DMPs. Figure 5 shows the results for the top-associated marker of smoking cg05575921 (W5Y vs. NS P = 3.70 × 10 −27 ), which is hypomethylated in the smoking group and lies within an intron of the AHRR gene. Notably, the hypomethylation is not exclusive for the individuals with certain risk factors (sex and HLA haplotype, data not shown), but the level of hypomethylation for the patients in the W5Y group is proportional to the smoking load, calculated as PY ( Fig. 5 , R 2 S = 0.35, P S = 0.006; R 2 B = 0.50, P B = 1.25 × 10 −11 ). The change at this DMP is considerable (minimum observed β = 0.44 in the W5Y class compared to β = 0.76 in NS) but reversible after smoking cessation, and concordantly the average methylation value approaches the value observed in NS as smoke-free time after cessation increases. However, the time for restoration toward baseline DNA methylation appears to be influenced by the smoking load, as patients with a larger PY value display lower methylation values than patients with smaller PY but in similar smoke-free year range ( Fig. 5 ). We observed similar findings for the majority of the other DMPs with genome-wide significant P-values ( Supplementary Figures 7 and 8 ). We also asked if smoking induces transcriptional changes in the AHRR gene and indeed we verified that in PBMCs from patients with MS (PBMC cohort) the AHRR gene is upregulated in smokers as compared to non-smokers (P = 2.10 × 10 −3 W5Y vs. NS, Fig. 5 ) and the average fold change increased when we considered as smokers only those individuals that reported smoking within the previous 12 months from the time of sampling (P = 3.76 × 10 −5 CS vs. NS, Supplementary Figure 9 ). We also observed a positive exposure-response effect between PY and AHRR expression ( Fig. 5 , R 2 = 0.33, P = 5.33 × 10 −5 ). Among the genes listed in Table 1 and linked to the DMPs, only AHRR showed both significant differential expression and exposure-response relationship in PBMCs.
At the discovery phase with the cohort-specific and meta-analysis results, we used an association model on the M-values, therefore the calculated effect size is not directly interpretable. Thus, we fitted a beta regression model with variable dispersion in order to precisely model the effect of smoking for the MS patients in the larger B cohort at the cg05575921 site (see Methods and Table 2 ). As expected, the PY effect was highly significant (P < 2 × 10 −16 ), and the smoking group W5Y remained significant after correcting for PY (P = 0.008). When we predicted the methylation levels for MS patients in the W5Y category with PY = 15, we obtained a β = 0.67, corresponding to a Δβ = −18% as compared to NS. In conclusion, smoking affects DNA methylation in patients with MS at specific genome-wide significant CpGs in an exposure-dependent manner. The effect -mostly hypomethylation -is more pronounced in MS patients that are smokers or ceased smoking less than 5 years prior to the time of sampling, while methylation levels are restored to the levels of non-smokers in MS patients who quit smoking five years or more prior to the time of sampling, but with dynamics influenced by the smoking load. Specifically, we observed demethylation of the AHRR gene and increased expression after smoking.
Is there any differential effect of smoking between MS patients and healthy controls? Next,
we asked whether the disease-related processes could alter the effect of smoking. Since the DMPs could lie within regulatory elements of genes that are located at a considerable distance, we considered mapping to regulatory domains (see Methods) to explore the relevance of the reported DMPs with MS. Thus, we verified that several of the DMPs listed in Table 1 map to the regulatory domains of genetic risk loci for MS or genes involved in MS or its animal model, i.e. Experimental Autoimmune Encephalomyelitis (EAE). Examples of a direct involvement either in autoimmunity, or MS susceptibility and pathogenesis, include GFI1 20,21 , ZMIZ1 2,22 and NFE2L2 23 . Moreover, CNTNAP2 24 and DDR1 25 are involved in demyelination/remyelination processes and could be indirectly linked to MS, while AHRR 26 , ITGB7 27 , PPIF 28 and GPR68 29 have been studied in the context of EAE. Ultimately, 12 out of the 58 reported DMPs lie within an LD block containing at least one SNP considered as an MS risk according to the GWAS catalog. Although this enrichment is not significant as compared to a random expectation (data not shown), we hypothesized that the chronic inflammatory nature of the MS disease could potentially influence the DNA methylation changes observed in blood.
Thus, we analyzed genome-wide DNA methylation in a matched cohort of healthy controls stratified for the corresponding NS, B5Y and W5Y categories. Since the strict selection criteria of the S cohort did not allow inclusion of healthy control group with adequate size, the results presented in this section were obtained exclusively from the B cohort. In order to address the general cohort integrity, we first assessed the enrichment for known smoking associated CpGs ( Supplementary Figure 10) , confirming that the effect on DNA methylation is also detectable in the healthy control group, although with limitation intrinsically given by the sample size. We modeled the methylation level of the aforementioned top marker cg05575921 by including smoking load (PY), disease group (HC/MS) and smoking category as predictive variables, using beta regression with variable dispersion (see Methods). We found that the smoking group W5Y remained significant (P = 2.24 × 10 −6 ), and that the smoking load was highly significant (P = 1.17 × 10 −8 ) as well as its interaction with the disease group (P = 3.86 × 10 −7 ). Age, sex and therapy in the 3 months prior to sampling were not significant and therefore were excluded from the final model. Similar conclusions might be drawn for other DMPs of the AHRR gene (Supplementary Table 2 ). We present evidence that, while the disease status does not affect DNA methylation, the presence of the disease might exacerbate the effect of the smoking load, by enhancing the extent of hypomethylation ( Table 2 and Fig. 6 ). The variability is also affected, as we find that the dispersion is significantly increased in the smoking categories as compared with NS ( Table 2 and Fig. 5 ). For example, when the methylation levels were predicted using this model, for an individual in the W5Y group smoking 15 PY, the predicted DNA methylation at the cg05575921 locus was 0.67 for MS cases, and 0.74 for controls. Figure 6 shows the fitted effect of PY for cases and controls, and graphically shows how the smoking load statistically interacts with the disease.
Discussion
In this study we selected two separate cohorts from the EIMS project, whose main goal is to contribute to an increased understanding of the factors causing MS, with a focus on environmental/life-style and genetic factors and their interaction. We performed cohort-specific and meta-analysis studies, in order to assess the effect of smoking, in the context of a chronic inflammatory disease. The rationale behind this study is based on the consistent body of evidence involving smoking in MS pathogenesis. Firstly, epidemiological studies have established a strong association between smoking and increased susceptibility risk, disease progression and clinical disability 6 . A gene-smoking interaction has also been observed, as the effect of the major determinant of genetic risk, HLA genotype, has been shown to be modified by smoking 10 . Secondly, from a mechanistic point of view, smoking is known to induce lung tissue inflammation and promote pro-inflammatory pathways 30 , processes that have been implicated in the development of neuroinflammatory responses in the central nervous system 6, 31 . In this context, epigenetic processes (DNA methylation) are likely to contribute to the response to environmental exposures (smoking), by mediating or altering the impact of the external trigger on the gene expression networks and cellular function during neuroinflammation. Finally, it has been extensively demonstrated that blood DNA methylation is affected by cigarette smoke and that an exposure-response relationships of smoking load and time since cessation could further explain DNA methylation levels 11, 12 . Motivated by the above considerations, we aimed at analyzing the impact of smoking on DNA methylation in blood from MS patients. With respect to the smoking phenotype, we stratified the samples with an epidemiologically-educated criterion, stating that an increased risk for MS exists for individuals that ceased smoking in a period less than five years 7 . Moreover, a large-scale meta-analysis of the effect of smoking 12 recently confirmed that the DNA methylation levels of many of the smoking-related DMPs returned to the basal levels within five years of smoking cessation. Accordingly, in our study we observed an exposure-response effect and a restoration to the levels of non-smokers for the top associated DMPs. Despite the five-year window as a reasonable cut-off in our study, we found individual sources of variability and importantly we observed that the time for the reversal of the methylation levels could be influenced by the extent of smoking. Therefore, a more precise and accurate individualized assessment should be performed on larger cohorts of patients or in a longitudinal scenario to address this issue.
A limitation of this study is the relatively small sample size, which likely increases the number of false negatives and results in narrow generalization. On the other hand, we controlled the number of false positives by using both an FDR and an effect size condition, resulting in identification of DMPs, which genuinely overlapped with previous reports 11, 12 . While it is tempting to speculate that the novel sites (see Table 1 ) could be specific for the MS context, caution should be taken when interpreting the results, as other unknown sources of variability could influence the reported differences. Nevertheless, our study highlights that a differential effect of the smoking load on DNA methylation is observed in patients as compared to healthy controls, an observation that deserves further studies, as we lack a complete understanding of the molecular events that mediate the risk of developing MS conferred by cigarette smoking. Although it is demonstrated that environmental and lifestyle factors interact with immune response genes 6 , it has not been fully revealed how the autoimmune reaction is fine-tuned by the presence of those risk factors in a mechanistic way. Therefore, further support is needed for the generalization of the findings, especially to rule out, in larger cohorts, that the effect is not inherently biased by the fact that smoking might be more common among MS patients than healthy controls (higher PY).
Another aspect that would require further investigation is the fact that we generally observed larger effect sizes (ΔM value) in the smaller cohort (S), albeit with greater standard error, corresponding to larger average difference in methylation (Δβ), as compared to the larger cohort (B). If we exclude merely technical and systematic reasons (quality of the arrays, different facilities, systematic biases in the phenotyping etc.), it is worth speculating whether this observation can be linked to the "risk" characteristics of the samples in the S cohort, which included only women carrying the MS-and smoking-interacting HLA-DRB1*15:01 risk genotype and lacking the protective HLA-A2 genotype. Although the major cell types did not appear to be markedly affected, it cannot be excluded that the different biological characteristics of the two cohorts, including for example inflammation, are linked to different proportions of certain subsets of cells, which in turn would influence the detected methylation signal. As an example in support of this possibility, we observed that a region in the gene body of GFI1 containing a significant DMP is more demethylated in smokers of the S cohort, compared to the B cohort. GFI1 is a transcriptional repressor that regulates the differentiation of several hematopoietic cell types 32 and its downregulation is crucial for T helper (Th) 17 differentiation 21 . Differences in expression/methylation of this gene are therefore likely among subpopulations of blood cells and they could be responsible for the observed heterogeneity. Alternatively, a simpler explanation would be that the higher smoking load in the S cohort contributes to a stronger average Δβ difference, or that the exposure to passive smoking of some non-smokers in the B cohort constitutes a confounding factor. All the above considerations highlight the importance of controlling for relevant covariates in the experimental design and at the analysis phases, to account for possible sources of additional variation. Indeed, the average effect size in differential methylation is modest, with only a few of the 58 CpGs showing average difference >10%, although the spread of the individual methylation levels in smokers is high. This might conceivably reflect both the exposure-response relationship and other biological sources of variation.
The AhR pathway is involved in the metabolism of xenobiotics and it is activated by environmental pollutants, including dioxins contained in cigarette smoke 33 . Furthermore, the AhR pathway exerts environmental control on the immune response, in particular in neuroinflammation 34, 35 , and it is known as a regulator of the Th17 and regulatory T cell subsets 36, 37 . Further relevance as a therapeutic target for immunological diseases is shown by the recent finding that Laquinimod, a drug being evaluated for the treatment of MS, activates the AhR pathway and upregulates CYP1A1 and AHRR 26 . The AHRR gene, one of the top demethylated loci after smoking in our investigation as well as previous studies, is activated by the AhR/ARNT heterodimer and its activity inhibits AhR function in a negative feedback regulation that involves a competition with AhR for heterodimerizing with ARNT and binding with the responsive DNA sequences 38 . The antagonism of the AhR protein leads simultaneously to an increased expansion of CD34+ cells and decreased AHRR levels 39 . Interestingly, we observed enrichment of smoking-related DMPs on enhancers of CD34+ together with decreased methylation and increased expression of AHRR. Although we did not evaluate the connection between AHRR methylation and expression in matched RNA and DNA samples obtained concurrently from the same individuals, we speculate that there might be a link between the deregulated AHRR/AhR activity, and the differential number of CD34+ cells after smoking.
MS-only model (μ ~ PY + Smoking, φ ~ Smoking)

Regression parameters for the mean (μ)
Predictor
Effect* 95% CI P-value Indeed, it has previously been observed that smoking is associated with decreased circulating CD34+ cells 40 . Furthermore, it remains an open question whether the inflammation in MS is influencing the mobilization of CD34+ cells to the peripheral blood, as some studies show that Natalizumab increases the proportion of blood CD34+ cells in MS patients and that response to the treatment is associated with their mobilization 41 .
In conclusion, smoking might act as an environmental epigenetic modifier that is able to hamper the cellular regulatory networks, which are in essence built by interactions between genes and are remodeled in association with the onset of MS and its natural history. Both from a public health and pathogenetic perspective, the impact of smoking has a fundamental importance in the understanding and the management of MS, therefore the findings presented here provide clues for further study of the connection between the environment and the reversible epigenetic changes observed in MS patients that associate with smoking.
Conclusions
We verified that smoking has a genome-wide significant effect on blood DNA methylation in MS patients, and that the effect is especially evident in current smokers and patients that stopped smoking in a period of less than 5 years prior to sampling. Although the effect does not seem to be confounded by the major cell types' proportions, we found an interesting association with CD34+ regulatory sites. We analyzed in detail the AHRR gene, whose expression is increased in smokers and shows hypomethylation at several CpG sites. For the top significant site (cg05575921), we thoroughly modeled the effect of the smoking load and we suggested an interaction with the disease, conceivably indicating a connection between a modifiable risk factor, an epigenetic modification and the pathogenetic mechanisms.
Methods
Ethics, consent and sample collection. The Regional Ethical Review Board in Stockholm approved this study (# 04-252/1-4, 02-548 and 2009/2107-31/2) and methods were carried out in accordance with institutional guidelines on human subject experiments. Informed consent was obtained from all subjects. All samples were collected between 2005 and 2009 and are part of the large and unique Epidemiological Investigation of Multiple Sclerosis (EIMS) cohort in Sweden, comprising MS cases and controls matched by age, sex, and residential area 7 . Self-reported smoking information (cigarettes, cigars and pipes) was acquired from the EIMS questionnaire. DNA was extracted from whole blood. Supplementary Table 1 . The Selected cohort (S) con- 62 NS (30 cases and 32 controls) reported past exposure to passive smoke and 8 smokers (3 cases and 5 controls) reported the use of cigars or pipes. For MS cases, disease duration spanned from 0-30, 0-31 and 0-28 years prior to sampling for W5Y, B5Y and NS, respectively.
Study cohorts. Description of the cohorts is shown in
The Methylation analysis. S cohort. 500 ng of bisulfite converted DNA (EZ DNA Methylation kit, Zymo research) was amplified, fragmented and hybridized to Illumina Infinium Human Methylation450k Beadchip using standard protocol at BEA core facility (Karolinska Institutet). The samples were randomly assigned to eight BeadChips with technical replicates and processed in one run. Three samples were technically replicated in pairs. BeadChips were scanned using an iScan and raw IDAT files were generated and processed in R with the minfi package 42 . We performed quality control with the shinyMethyl package 43 . We first excluded one failing sample on the basis of the control probe profiles. We then normalized the intensities and calculated methylation estimates (β values) using the Functional Normalization algorithm 44 . We excluded: probes with a minfi detection P-value > 0.01 in at least 10% of the samples; probes with common single nucleotide polymorphisms (SNPs) at the single base extension or at the CpG interrogation sites, as reported in the IlluminaHumanMethylation450kanno. ilmn12.hg19 annotation package (dbSNP 137); and cross-reactive probes as reported previously 45 . Phenotypic variables, cell type fraction estimates (see below) and technical variables (Beadchip and Array) were checked for association with the scores from a Principal Component Analysis, in order to identify covariates to include in our association model. We restricted our analysis to 436,999 probes (out of 485,512). B cohort. 500 ng of bisulfite converted DNA (EZ DNA Methylation kit, Zymo research) was amplified, fragmented and hybridized to Illumina Infinium Human Methylation450k Beadchip using standard protocol at Johns Hopkins University School of Medicine. The samples were randomly assigned to three plates and 24 BeadChips and processed and analyzed as above. For PCA analysis, phenotypic variables, cell type fractions estimates (see below) and technical variables (plate, Beadchip and Array) were checked for association with the scores from a Principal Component Analysis, in order to identify covariates to include in our association model. We restricted our analysis to 437,034 probes (out of 485,512).
All bioinformatics analyses were performed in R, unless otherwise indicated.
Cell type composition estimation. We estimated the blood cell type proportions (CD4+ T cells, CD8+
T cell, B cells, NK cells, monocytes and granulocytes) using the reference-based Houseman method 18 in the minfi package for each cohort separately. The method makes use of methylation profiles obtained from isolated blood populations 46 to deconvolute the heterogeneous signal from blood. Differential Methylation. Differentially methylated positions (DMPs) were obtained using multiple linear regression with limma 47 on M-values, obtained by logit transformation of the β values. Infinite M-values were substituted with the minimum/maximum value of the finite M-value for the corresponding sample. We modeled the association between DNA methylation and smoking status (NS, W5Y, B5Y), in the presence of covariates. Probes were annotated with the IlluminaHumanMethylation450kanno.ilmn12.hg19 package and a β value change was calculated as the difference between the average group values. For the S cohort, we included as covariates the age (years) and three Surrogate Variables (SVs) estimated with the sva method 48 , in order to control for unwanted variation. As an alternative to the inclusion of the SVs, another model was fitted including the age and the estimated cell type proportions (CD4+ T cells, CD8+ T cell, B cells, NK cells and monocytes). To account for the presence of technical replicates, we estimated the consensus correlation as a robust average of the individual correlation values obtained by fitting a mixed linear model individually for each gene, and then using this value in the linear model step as within-block correlation. Coefficients, P-values and FDRs (Benjamini-Hochberg) were obtained for the contrasts W5Y vs. NS, W5Y vs. B5Y and B5Y vs. NS. For the B cohort, we performed separate analyses for the healthy controls and the MS cases. We included as covariates the age (years), the sex, the passive smoking (no/yes) and three SVs, in order to control for unwanted variation. As an alternative to the inclusion of the SVs, another model was fitted including the age, the sex, the passive smoking and the estimated cell type proportions (CD4+ T cells, CD8+ T cell, B cells, NK cells and monocytes). Coefficients, P-values and FDRs (Benjamini-Hochberg) were obtained for the contrasts W5Y vs. NS, W5Y vs. B5Y and B5Y vs. NS.
Meta-analysis.
We performed meta-analysis with METAL 49 , using inverse-variance weighting. Briefly, individual coefficients from the limma analysis (i.e. the effect size estimates on the M-value scale) were combined using their estimated standard errors as weights in order to obtain and an overall P value. The FDR was obtained with the Benjamini-Hochberg procedure.
GSEA. Gene Set Enrichment Analysis (GSEA) was performed using the package fgsea 50 and the set of 62 CpG sites from Gao et al. as a gene set 11 . These sites were associated with smoking at least by three studies. We ranked all the analyzed sites for the three contrasts (W5Y vs. NS, W5Y vs. B5Y and B5Y vs. NS.) using the respective −log 10 P values, and the significance was assessed with 10,000 permutations.
Gene regulatory domains and functional annotation. In order to map probes to genes in a broader way and also obtain a gene-based summary measure, we assigned the probes to large gene regulatory domains, similarly to the GREAT approach 51 . We obtained the subset of UCSC known genes, and to obtain transcription start sites we considered the canonical isoform as taken from the knownCanonical table of the UCSC knownGene track. Then, we constructed gene regulatory domains with the "basal plus extension rule" (constitutive 5.0 kb upstream and 1.0 kb downstream, up to 500 kb max extension. GREAT 51 was used to discover functional categories associated with DMPs. The enrichment for known cell type-specific DNase 1 hypersensitive sites and histone modifications was performed with eFORGE 52 .
Beta regression. We performed beta regression as implemented in the package betareg 53 . This model is especially suitable for a response variable that assumes values in the unit interval (0, 1) and in presence of heteroskedasticity. The methylation estimates from the arrays were modeled with a variable dispersion beta regression. For the regression with the MS-only cases, we included the smoking group (NS, B5Y and W5Y) and the PY regression parameters for the mean (μ) and the smoking group as regression parameters for the precision (φ). When considering all MS and HC subjects, we included the smoking group (NS, B5Y and W5Y), the PY, the case/ control variable and its interaction with PY as regression parameters for μ, and the smoking group as regression parameters for the φ. Default link functions were used (logit for μ and log for φ).
